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ABSTRACT Accurate estimation of the time-variant (TV) velocity of moving persons/objects in indoor
spaces is of crucial importance for numerous wireless indoor applications. This article introduces a novel
iterative procedure to estimate the TV velocity, i.e., TV speed and TV angle-of-motion (AOM), of a single
moving person in 2D indoor environments by using radio-frequency (RF) techniques. The indoor area is
equipped with a distributed 2×2 multiple-input multiple-output (MIMO) system. The proposed method is
divided into two parts. In the first part, we estimate the path gains and the instantaneous Doppler frequencies
by fitting the exact spectrograms of the complex channel gains of a 2D non-stationary channel model to the
spectrograms obtained from the received radio signals. In the second part of this work, another estimation
procedure is proposed to deduce the desired TV velocity from the estimated TV Doppler frequencies.
Although, the primary objective of the proposed iterative estimation techniques is to determine the TV
velocity, i.e., TV speed and TV AOM, of the walking person, it computes all channel parameters including
the path gains, the TV angles-of-arrival, and the TV angles-of-departure. Closed-form solutions are derived
for the path gains, the TV Doppler frequencies, the TV speed, and the TV angles, which in turn reduces
considerably the complexity of the optimization methods. Numerical results are provided to demonstrate
the validity and robustness of the proposed algorithms against noise. This is accomplished by analyzing
the agreement between the estimated parameters of interest with the corresponding exact values, which are
known from computer generated test signals. The estimation accuracy of the proposed method is evaluated
for different values of the signal-to-noise (SNR) ratio. It is shown that this technique estimates the TV
Doppler frequencies and TV speed with an accuracy between 70% and 97% for SNR values ranging from
0 dB to 20 dB.
INDEX TERMS Human activity of daily life, non-stationary indoor channels, Doppler characteristics,
time-variant velocity estimation, distributed multiple-input multiple-output systems.
I. INTRODUCTION
Human activity monitoring aims at capturing and identify-
ing the motion and activities of persons using vision-based
approaches, sensing techniques, or radio signal analysis
methods. This is an ongoing research topic that has gained
a huge amount of attention in the last decade due to its
emerging applications in, for example, surveillance, robotics,
The associate editor coordinating the review of this manuscript and
approving it for publication was Hayder Al-Hraishawi .
and healthcare. Within the context of healthcare, there is
a tendency to attempt to provide in-home assisted living
to elderly people, staying alone, by making use of human
activity monitoring. This application is of a major importance
for the ageing population, and would increase the safety of
aged people by, e.g., detecting falls, preventing disease, and
identifying disability. In short, the above mentioned potential
healthcare applications are enough to underline the signif-
icance of developing human activity monitoring systems.
At the heart of such a system design and implementation,
VOLUME 8, 2020
This work is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 License.
For more information, see https://creativecommons.org/licenses/by-nc-nd/4.0/ 169759
R. Hicheri et al.: Estimation of the TV Velocity of a Single Walking Person in 2D Non-Stationary Indoor Environments
the time-variant (TV) velocity of motion (TV speed and
TV angle of motion (AOM)) has particularly been adopted
as a potential metric from which information on a user’s
behavior can be extracted and identified. Current approaches
to velocity estimation are computer vision, on-body sensing,
and radio frequency (RF) signal analysis [2]. In computer
vision-based approaches, the TV velocity of a walking person
is extracted by analysing continuously recorded video. In the
case of on-body sensing, velocity estimation can be achieved
by using sensors, such as accelerometers and gyroscopes,
attached to different parts of a person’s body or deployed in
the indoor space. Finally, the last approach relies on using
rooms equipped with radars or simple wireless communi-
cation systems. In this case, the modification induced by a
person’s motion on the Doppler characteristics of the propa-
gating radio signal is exploited to obtain the velocity.
Within the context of ADLs tracking techniques, this
method is sometimes referred to as device-free ADL, and is
attracting a lot of attention over the past few years due to its
high potential in providing an accurate estimate of the TV
velocity (TV speed and TV AOM) of moving persons. The
topic of this article falls within the scope of TV velocity or
speed estimation using RF-based approaches. Specifically,
we present an accurate iterative procedure to estimate the
velocity of a single moving person in two-dimensional (2D)
indoor environments by using RF techniques. We consider
a distributed 2×2 multiple-input multiple-output (MIMO)
system, and a scenario where the velocity is TV and the
propagation environment is non-stationary.
It is worthwhile at this point to mention that, aside from
ADLs tracking applications, speed estimation of mobile units
has intensively been studied within the context of mobile
radio communications. In fact, speed estimation is prevalent
in mobile radio communications, while TV velocity determi-
nation is of relevance in human activity recognition. In the
following, we provide a literature review regarding each of
these topics independently. For convenience, the available
methods along with the contribution of the paper are sum-
marized in Fig. 1.
A. RELATED WORKS
This section presents a review of existing techniques to esti-
mate the TV velocity/speed of moving objects/persons. To do
so, we will start by discussing (constant) speed estimation
procedures in the context of mobile radio communications.
Then, we will review TV velocity estimation techniques
for indoor ADLs tracking. In the following, we distinguish
between the terms velocity and speed. The term ‘‘velocity’’
is a vector, the magnitude of which indicates the speed, while
the AOM describes the direction.
1) SPEED ESTIMATION TECHNIQUES IN MOBILE RADIO
COMMUNICATIONS
Mobile speed determination has a rich history in wireless
communications. Estimation techniques have been proposed
in the context of handover algorithm design to ensure reliable
mobile radio communications for both micro-cellular and
multitier systems, e.g., by significantly reducing the prob-
ability of dropped calls [3]. Reliable mobile station (MS)
speed estimates improve the receiver performance through
more effective dynamic channel allocation and optimization
of adaptive multi-access radio receivers [3], [4]. Since the
performance of receiving techniques is highly dependent on
the distortion caused by themobile radio channel, theDoppler
frequency, or equivalently, the MS’s speed, plays a key role
in controlling the receiver parameters.
The estimation of the speed of mobile units can be per-
formed by exploiting the statistical properties of numerous
features of the received signal such as its envelope and
phase. In this context and as summarized in Fig. 1, three
major classes of speed estimation techniques were presented
in the literature: crossing-and covariance-based approaches,
maximum likelihood-based (ML) methods, and power
spectrum-based procedures. Crossing-based approaches cal-
culate the number of level-crossings of the channel enve-
lope or phase which is proportional to the MS’s speed. For
example, the adaptive hand-off algorithms for microcellular
systems in [28] use level-crossing rate (LCR)-based velocity
estimation methods for Rice fading. In [5], speed estimation
procedures were presented based on the in-phase compo-
nent zero-crossing rate, in-phase component rate of maxima,
and LCR using diversity combining techniques in Rayleigh
flat fading channels. Later, the authors of [6] investigated
the robustness against noise of an iterative Doppler shift
estimator utilizing the LCR of the channel envelope. On
the other hand, covariance-based algorithms determine the
maximumDoppler frequency bymeans of the autocovariance
of the received signal. The technique of covariance-based
MS speed estimation was first considered in [7] and subse-
quently in [8], where the MS’s speed was estimated using
the auto-covariance of the channel power gain of the received
signal. A generalization of this work using the integral-power
sum of the in-phase and quadrature components of the com-
plex channel gain and the integral powers of the channel enve-
lope was reported in [9]. An adaptive averaging methodology
for handoffs in cellular systems using covariance-based speed
estimation was proposed in [10] assuming Rayleigh and Rice
fading channels. Also, a speed estimator based on the spectral
moments and the correlation properties of the in-phase and
the quadrature components as well as the envelope of the
received signal was developed in [11] assuming isotropic
scattering conditions. It should be mentioned that the afore-
mentioned techniques assume and are limited to isotropic
scattering conditions. For the case of wide-sense station-
ary (WSS) fading channels under non-isotropic fading condi-
tions, a parametric Doppler spread estimation procedure was
been reported in [12] based on the auto-correlation properties
of the complex channel gain. Among the existing speed esti-
mation techniques, cross- and covariance-based approaches
were extensively studied in the literature for numerous fading
channel models, due to their low complexity. To the best of
the authors’ knowledge, there are no results regarding the
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FIGURE 1. Classification of existing TV velocity/speed estimation methods, limitations, and contributions.
higher-order statistical properties of non-stationary channels
under non-isotropic scattering conditions. Apart from the
crossing and covariance basedmethods, speed estimationwas
as well approached by applying the ML method. Although
they are near-optimal, ML-based methods are very complex
to implement. They require the knowledge of the signal-
to-noise ratio (SNR) and were shown to be very sensitive
to noise [13], [14]. An example of an ML-based algorithm
relying on a periodic channel estimation was derived in [14].
In addition, the effects of non-isotropic scattering conditions
and the presence of a line-of-sight (LOS) component on the
performance ofML-based speed estimators were investigated
in [14] and [15]. Later, new estimation methods were intro-
duced [16]–[18] utilizing the power spectrum of the received
signals. Speed estimation algorithms based on the integration
or differentiation of the power spectrum density of mobile
fading channels were reported in [16] and [17]. The authors
of [18] proposed a non-parametric speed estimation algo-
rithm by exploiting the properties of the power spectrum of
mobile fading channels, which is not only robust against noise
but also insensitive to non-isotropic scattering conditions.
It should be noted that, although the estimation techniques
developed in the context of mobile radio communications
provide an accurate estimation of the speed of the mobile
units, their applicability is limited to scenarios where the
MSs are moving along a straight line and with constant speed
(WSS fading channels). Furthermore, it should be stressed
that these methods only estimate the (constant) speed of the
mobile units while ignoring all information about their tra-
jectory, i.e., AOM. For non-stationary scenarios, the majority
of the estimation techniques were developed in the context of
velocity-based ADL tracking. An overview of these methods
will the topic of the next part of the introduction.
2) VELOCITY ESTIMATION-BASED HUMAN ACTIVITY
MONITORING TECHNIQUES
As can be seen on the left-hand side of Fig. 1, in the context of
indoor human activity tracking, the available approaches for
TV velocity estimation can, roughly, be grouped into three
classes: sensor (device)-based, computer-vision-based, and
RF-based approaches.
Early studies on ADL tracking were developed using the
vision method. The basic components of this technique are
cameras recording of motion and robust image process-
ing techniques for acitivity recognition. Here, the speed of
a walking person is extracted by analysing continuously
recorded video [19]–[22]. For example, the authors of [19]
employed the Microsoft Kinect (camera device), which was
primarily developed in the context of controller free gaming,
to acquire spatial and temporal gait parameters for in-home
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fall risk assessment. Moreover, a red, green, and blue (RGB)-
depth camera-based ADL recognition technique was pre-
sented in [20], focusing on fall related activities such as
falling from a sitting position, falling from standing, and
falling from a standing position. Another video-basedmethod
for tracking as well as recognizing moving objects in indoor
areas using a Markovian model was reported in [21]. A major
criticism of this method is that it violates privacy. In addition,
the method requires good lightning, high-density deployment
of cameras, and great computer power.
In recent years, motivated by the rapid progress of sensors
technology and the internet-of-things, activity monitoring
moved toward the application of sensor-based approaches.
In these methods, sensors are attached to different parts of a
person’s body or deployed in indoor environments. Studies
have shown that this approach is not appropriate, and is
not the right choice, especially, for older people [23]–[28].
Non-wearable sensor systems, e.g., laser rangefinders and
infrared sensors, are usually placed along the floor on the
‘‘force platform’’, where the gait velocity information is
extracted by means of pressure sensors and/or ground reac-
tion sensors [23], [24]. In this situation, it should be pointed
out that the sensors need a controlled environment and the
person is supposed to walk along a predefined trajectory.
Another solution, for avoiding body-worn sensors, consists
on planting the sensors on clothing items of the person.
In wearable sensor-based systems, such as accelerometers,
gyroscopes, magnetometers, and ‘‘push buttons’’, instead,
the sensors can be planted on the clothing items or attached to
human body segments, e.g., head, knees, feet, hands, thighs
or waist [25]. Typical examples describing the implemen-
tation of this technique can be found in [28]. The Run3D
gait velocity analysis device is an on-body sensing system,
reported in [27], is an example of on-body sensing system
with a 3-axis accelerometer, magnetometer, and gyroscope,
which are located on the lower back (pelvis and hip) and along
the lower limbs (knees and ankles) of a person. In summary,
the employability of the sensor-basedmethod is unfortunately
limited by the constrained size number of sensors and the
battery life and charge, especially for patients with cognitive
impairments.
Along with the vision-based and sensor-based approaches,
profiting from the potentials of modern wireless communi-
cation systems and to overcome the aforementioned limita-
tions, RF-based ADLs monitoring has become a hot topic of
research in recent years. In this third approach, TV velocity
estimation is accomplished by exploiting the fading char-
acteristics of RF signals of an in-home radio system. This
method is, obviously, suitable for overcoming the aforemen-
tioned limitations. Namely, it is used to estimate the TV
velocity of persons without equipping them with devices
(sensors), which in turn allows them to perform in-home
ADLs in a natural way [29]–[32]. In particular, such a tech-
nology explores the way the human motion affects the radio
signals of in-home wall/floor-mounted transceivers to extract
the TV velocity of a walking person. The WiGait system is
an example of such systems developed for determining the
gait velocity [29]. Another interesting speed-based indoor
localization work can be found in [30], where channel state
information (CSI) data is used in conjunction with Wi-Fi.
The authors of [31] proposed the Emerald product. This sys-
tem monitors the three-dimensional (3D) motion of persons
through the analysis of the TV phase of the complex channel
gain of the RF signal. Moreover, the RF-Capture system
for RF-based ADLs tracking was developed in [32]. This
system captures the figure of a person when it is in com-
plete darkness. One of the drawback of the studies reported
in [30]–[33] is that their accuracy is greatly influenced by the
rich multipath structure exhibited by non-stationary indoor
channels. Recently, with the growing interest in the millime-
ter wave (mmWave) technology, the mmVital system was
introduced in [33] to track and follow the breathing and heart
rate of persons in indoor areas. This task is achieved by trans-
mitting 60GHz mmWave signals and analysing the strength
of the received signal. Additionally, in-home radar moni-
toring devices have been introduced as a potential leading
technology for future activity tracking systems in indoor envi-
ronments [34]–[36]. The interest in investigating radar-based
techniques comes from their proven technology, privacy
preservation, and safety. Radar systems are based on the
analysis of the propagation delays and Doppler frequencies
of the received signal. The Doppler signatures are obtained
by observing the TV phase of the received signal which
provides insight into the main features that describe and clas-
sify human motions. The dynamic nature of fall signals was
investigated in, e.g., [34], using the mel-frequency1 cepstral
coefficients. In [35], the wavelet transform was applied to
the analysis of radar fall signals and the extraction of fall
features. Later, the velocity-based decimeter-level tracking
device Widar1.0 was proposed in [37] and further developed
in [38] to Widar2.0, an indoor submeter tracking system.
In addition, the performance of Widar2.0 was compared with
that of existing estimation methods such as the dynamic-
MUSIC [39] and IndoTrack [40] and the results show that
Widar2.0 offers the best estimation accuracy. However, it is
worth pointing out that the approach in [38] estimates TV
Doppler frequencies and TV delays independently from each
other without considering the relationship between these
quantities. Furthermore, it should be mentioned that several
Wi-Fi-based in-home monitoring systems with a submeter
accuracy have been developed [41]–[43]. However, these sys-
tems only operate in non-line-of-sight (NLOS) scenarios and
require the moving person to carry a wireless device (phone,
bracelet, etc.). In this area of applications, and as summarized
in Fig. 1, the available approaches for TV velocity estimation
can face several challenges such as a high false activity
classification rate, occlusion between the transmitter and the
receiver, sensitivity to fixed scatterers caused by the furniture
1The abbreviation ‘‘mel’’ comes from the signal melody to indicate that
the scale is based on pitch comparisons. It is commonly used as a short-term
representation of a sound in speech recognition systems.
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and the interior walls as well as the direction of motion of the
moving objects (persons, pets) with respect to the radar LOS
component, and the presence of multiple moving objects in
the indoor environment.
3) LIMITATIONS OF EXISTING TECHNIQUES AND
MOTIVATION
The interest in accurate speed or velocity estimation has
increased significantly in recent decades to track the motion
of objects/persons in indoor and outdoor environments.
As described above and summarized in Fig. 1 (red box), it can
be concluded that existing speed estimation techniques suffer
from one or more of the following limiting assumptions that
the person does not move for a period of time or moves at
constant speed or on a linear trajectory. Other drawbacks
and limitations may include: a propagation under isotropic
scattering, a high sensitivity to the rich scattering structure
(resulting from the furniture) of indoor environments, depen-
dency on the presence or absence of the LOS component,
and that no information regarding the AOM is available,
etc. Therefore, there exist, to date, no generalized method
that allows the estimation of the TV velocity, i.e., TV speed
and TV AOM, of moving persons in non-stationary indoor
environments for a given time instant. Motivated by these
facts, our main objective in this work is to contribute to
the topic of velocity/speed-based tracking and monitoring of
ADL by proposing a new iterative method to evaluate the TV
speed and TVAOMof a moving person in indoor spaces. The
method, which is robust against noise, takes into account both
fixed and moving objects.
B. CONTRIBUTIONS
In this work, we propose a new accurate and noise-robust
RF-based method to estimate the TV velocity (TV speed and
TV AOM), of a single moving person in an indoor area,
considering the effects of the moving scatterer, the fixed
scatterers, and the LOS component. The estimation proce-
dures developed in this article are inspired by the iterative
non-linear least square approximation (INLSA) algorithm
initially, which was proposed in [44]. Later, this method was
further investigated to design measurement-based wideband
channel simulators by using the time-frequency correlation
function [45] and TV channel impulse response [46], [47].
Unfortunately, it can only be applied toWSSmultipath fading
channels, i.e., scenarios where the speed of themoving person
is assumed to be constant and the trajectory is linear. Namely,
it cannot be readily exploited to estimate velocity of moving
person in non-stationary channels due to the main fact that the
relation of proportionality between the speed and maximum
Doppler frequency does not hold. This article aims to pave the
way for a theoretical study in which the conventional INSLA
approach [44] is extended to deal with RF-based estimation
of the TV velocity of a moving person in non-stationary
propagation environments.
To do so, we start by modelling the indoor propaga-
tion phenomenon according to the two-dimensional (2D)
fixed-to-fixed non-stationary channel model introduced
in [48]. For simplicity, the walking person is described by
a single moving point scatterer, which reflects one of the
person’s body parts such as the head, the center of grav-
ity, the waist etc. The fixed (stationary) scatterers reflect
the fixed objects in the indoor area, e.g., walls, windows,
furniture (chairs, tables, etc.) and decoration items (books,
frames, shelves, etc.). The room is be equipped with a dis-
tributed 2×2 MIMO system, which consists of two antenna
elements on both the transmitter and the receiver sides.
The concept of the estimation procedure proposed in this
article was initially introduced in [1] for a single mov-
ing person using mmWave signals. Similar results were
introduced for three-dimensional indoor environments and
multiple moving persons in indoor areas in [49] and [50],
respectively. In this article, we extend the work in [1] to
the case of general carrier frequencies and simplify the ana-
lytical steps leading to solving the underlying optimization
problems.
The proposed algorithm is divided into two major parts. In
the first part, the path gains, initial phases of the channel, and
TV Doppler frequencies are estimated by fitting the spectro-
grams of the channel model in [48] to the spectrograms of the
received signals. Closed-form expressions are derived for the
estimates of the path gains of the moving scatterer (person)
and overall fixed scatterers as well as the initial phase of
the channel and the TV Doppler frequencies, which reduces
the initial five-dimensional estimation problem to a 2D opti-
mization problem. In the second part of our algorithm, the
estimated instantaneous Doppler frequencies are utilized to
estimate the TV velocity, i.e., TV speed and TV AOM, of the
moving person as well as the TV angles-of-departure (AODs)
and TV angles-of-arrival (AOAs). Here, exact closed-form
expressions are derived for the new estimates of the TV speed,
TV AODs, and TV AOAs, leading to a one-dimensional
optimization problem. In both algorithms, the computation
of the channel parameters relies on the minimization of the
Euclidean norm of the introduced fitting errors. The validity
of the proposed procedure has been verified by comparing the
obtained estimated parameters of interest, i.e., TV Doppler
frequencies and TV speed, with computer-simulated test sig-
nals. The effects of noise on the estimation accuracy of the
proposed procedure have been investigated and numerical
results show that the presented estimation method is robust
against noise.
The main contributions of this article are summarized as
follows.
• The proposed iterative method employs the spectrogram
of the complex channel gain of the received RF signal to
estimate the instantaneous velocity of a moving person
(modelled by a single point scatterer) in indoor areas
which are equipped with a distributed 2×2 MIMO sys-
tem.
• The overall effect of the fixed scatterers (objects) and
the LOS component are included in the optimization
problem.
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• The technique is based on the minimization of the
Euclidean norm of the fitting error and is divided into
two parts. First, we estimate the TVDoppler frequencies
by fitting the spectrogram of the channel model to the
spectrogram of the RF signal. Then, the corresponding
TV velocity, i.e., TV speed and TV AOM, is deduced by
matching the Doppler frequencies of the channel model
to those previously estimated.
• Together with the determination of the TV velocity, this
method estimates all channel parameters, including the
path gain of the moving scatterer, the path gain of the
overall fixed scatterers, the AOAs, and the AOD.
• Exact and approximate closed-form expressions to the
estimates of the channel parameters are derived which
considerably reduced the computational complexity of
the underlying optimization problems.
• The utilization of the spectrogram reduces the impact of
noise on the accuracy of the estimation. In fact, the spec-
trogram is computed by as the squared short-time
Fourier transform, which is obtained by averaging the
complex channel gain for short intervals of the running
time.
• Finally, computer simulations are presented to validate
the accuracy and robustness against noise of the pre-
sented algorithm for several speed models.
The remainder of this article is structured as follows.
Preliminaries and useful background material are presented
in Section II. Section III describes the proposed two-parts
iterative procedure to estimate the TV velocity of a moving
person. Numerical results are discussed in Section IV. Finally,
Section V outlines the conclusions.
II. PRELIMINARIES AND BACKGROUND MATERIAL
In this section, we first provide a description of the geomet-
rical indoor propagation scenario assumed in this study. The
spectrogram of the resulting RF signal is then given together
with the corresponding TV Doppler shift.
A. ROOM LAYOUT AND PROBLEM DESCRIPTION
The objective of this article is to present a novel and robust
estimator of the TV velocity, i.e., speed and AOM, of a
walking person based on the analysis of RF signals of a
2×2 MIMO system. Fig. 2 shows a typical living room,
with the walking person, the distributed transmit antennas
AT1 and A
T




2 of the MIMO
system. The geometry of the corresponding 2D indoor multi-
path propagation model is depicted in Fig. 3. In this setting,
we consider a room with length A and width B centralized







located at the fixed positions (xT1 , y
T









and (xR2 , y
R
2 )), respectively. Also, there is only one person
moving in the room. For simplicity, this person is modelled
by a single moving scatterer SM , which represents its cen-
ter of gravity, located at the initial position (xM , yM ). The
trajectory of the moving person is described by TV speed
FIGURE 2. Indoor space architecture with 4 distributed antennas (AT1 , A
T
2 ,
AR1 , and A
R
2 ), stationary objects (walls, objects . . . ), and the walking
person [1].
FIGURE 3. Geometrical model of a 2×2 MIMO indoor channel with a
moving scatterer SM (walking person) [1].
v(t) and TV AOM αv(t). The TV displacements x(t) and
y(t) along the x-and y-axis of the person (scatterer SM )
can be expressed as x(t) = xM+
∫ t
0 v(u) cos(αv(u))du and
y(t) = yM+
∫ t
0 v(u) sin(αv(u))du, respectively. Moreover,
the scenario includes walls and fixed objects which are mod-
elled by Mij fixed scatterers SFmij (m = 1, 2, ..,Mij), seen
between the transmit antennaATj and receive antennaA
R
i . Fur-
thermore, single-(multiple-)bounce scattering is considered
for the moving scatterer (fixed scatterers).
B. SPECTROGRAM
In this secction, we review the spectrogram of the com-
plex channel gain of the propagation scenario introduced in
Section II.A and present some useful preliminary results.
Assuming perfect CSI at the receiver side, the complex chan-
nel gainµij(t) between the jth transmit antenna and ith receive
antenna (i, j = 1, 2) is given by [48]












where the first single term refers to the component resulting
from the moving scatterer SM and the second term repre-
sents the multipath components coming from the Mij fixed
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scatterers SFmij , mij = 1, 2, ..,Mij. Here, the quantity cij (cmij )
refers to the path gain of the moving (mijth fixed) scatterer.
The TV channel phase θij(t) is expressed in terms of the TV
Doppler frequency fij(t) as θij(t) = 2π
∫ t
0 fij(x)dx+θ0,ij [48],
where θ0,ij is the initial channel phase, which is modelled as a
random variable with a uniform distribution over the interval












in which fmax(t) = f0v(t)/c0 denotes the TV max-
imum Doppler frequency, with f0 and c0 being the
carrier frequency and the speed of light, respectively.
In (2), αTj (t) (α
R
i (t)) stands for the AOD (AOA) cor-
responding to the jth (ith) transmit (receive) antenna,









i )]). In (1),
the phases θmij are assumed to be independent and
identically distributed random variables, uniformly dis-






in (1) will be replaced by a single















mij=1 cmij cos(θmij )).
Here, the the multi-valued inverse tangent function atan2
function is employed because it returns a single correct and
unambiguous value for the phase in the interval (−π, π] of a
complex number written in polar coordinates.
For the determination of closed-form solutions to the new
estimates of the channel parameters, we review some key
characteristics of non-stationary channels. We shall start by
alternatively writing the TV complex channel gain µij(t)
in (1) as µij(t) = Rij(t) exp(jφij(t)), where Rij(t) and φij(t)
are the channel envelope and phase, respectively. The channel










The expression of the channel phase φij(t) is given by
φij(t) = atan2[cij sin(θij(t))+CFij sin(ϑFij ), cij cos(θij(t))
+CFij cos(ϑFij )].
For short time intervals in which the Doppler frequencies
fij(t) can be approximated by linear functions (a first-order
Tayler series expansion), the spectrogram Sij(f , t) of µij(t) in
(1) is expressed as [48]
Sij(f , t) = S
(a)
ij (f , t)+S
(c)
ij (f , t) (4)
where the auto-term S(a)ij (f , t) is given by













in which G(a, b, c) = exp[−(a−b)2/(2c)]/(
√
2πc), σ 20 =






ij)/2, with kij being defined
according to [48, Eq. (40)] and σ 2w denoting the spread
of the Gaussian window utilized in the short-time Fourier
transformation leading to the derivation of the spectrogram.
The expression of the cross-term S(c)ij (f , t) is given by [48,
Eq. (35)].






















where σ 22,ij = σ
2
0−jkij/(2π ).
It is worth pointing out that for the general case, the
Doppler frequencies in (2) cannot be represented by linear
functions. However, to ensure that this linearity assumption
stands valid, the total observation time is divided into subin-
tervals of duration T0, with T0 < σw. During the period T0,
the instantaneous Doppler frequencies fij(t) can be approxi-
mated by a linear function, which is characterized by its slope
kij. The parameter kij is updated from one sub-interval to the
next. Hence, the slope kij is TV for the total observation time
and will be denoted by kij(t).
As is detailed in the Appendix, the product of Gaussian
functionsG
(




f , 0, σ 20
)
in (6) can be further
simplified. Thus, by substituting (38) in (6), the cross-term
S(c)ij (f , t) can alternatively be expressed as





































0 ). Profiting from the facts that
σw  1 and σw is inversely proportional to kij, the function
gij(t) can be further simplified and be approximated as in (39).
In turn, it can be shown that the cross-term S(c)ij (f , t) can be
approximated by




























Moreover, the TV Doppler shift B(1)µij (t) can be obtained









Sij(f , t)df [48]. Employing (5) and (7),
and then integrating with respect to the variable f yield the





























Furthermore, by utilizing (8), a closed-form approximate
solution to the exact expression of the TV Doppler shift
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Equations (9) and (10) will be utilized in the next section
to compute closed-form solutions to the gain of the overall
fixed scatterers CFij and the TV Doppler frequency fij(t). The
description of the proposed estimation procedures will be the
topic of the following section.
III. ESTIMATION OF THE TIME-VARIANT VELOCITY OF A
MOVING PERSON
This section describes the different steps of the proposed the
two-parts estimation method to determine the TV velocity
parameters of a moving person in an indoor area, where the
propagation scenario is modelled as detailed in Section II.
For this purpose, we will first estimate the TV Doppler
frequencies.
A. ESTIMATION OF THE TIME-VARIANT DOPPLER
FREQUENCIES
In practice, the received RF signal, which is observed dur-
ing a time interval [0,T ] and in the frequency bandwidth
[−B/2,B/2], is in the form of samples at discrete frequencies
fq = −B/2+q1f ∈ [−B/2,B/2], q = 0, ..,Q−1 and
discrete time instances tp = p1t ∈ [0,T ], p = 0, ..,P−1.
Here, 1f and 1t are the frequency and time sampling peri-
ods, respectively. The spectrogram of the simulated channel
is computed from the samples of the received radio signal.
Thus, the spectrogram is obtained as samples in both time
and frequency domains.
Let us denote by µ̂ij(tp) the complex channel gain of the
received RF signal and Ŝ(fq, tp) the corresponding spectro-
gram, which is obtained by the procedure reported in [48].
The problem at hand is to determine a set of parameters
P1(tp) = {c̃ij, k̃ij,p, f̃ij,p, θ̃0,ij, C̃Fij , ϑ̃Fij}, where the quantities
c̃ij, f̃ij,p, θ̃0,ij, C̃Fij , and ϑ̃Fij refer to the estimated values
of cij, fij,p = fij(tp), θ0,ij, CFij , and ϑFij , respectively. The
computation of the channel parameters is performed in such
a way that the spectrogram S̃ij(fq, tp) of the channel model
matches the spectrogram Ŝij(fq, tp) of the received RF signal.
Here, S̃ij(fq, tp) refers to the spectrogram of the complex
channel gain µ̃(tp) of the channel model sampled in both time
and frequency. The expression of the spectrogram S̃ij(fq, tp) is
obtained according to (1) by replacing cij, fij,p = fij(tp), θ0,ij,
CFij , and ϑFij by c̃ij, f̃ij,p, θ̃0,ij, C̃Fij , and ϑ̃Fij , respectively. For
this purpose, we start by introducing the object function for









By replacing the spectrogram S̃ij(fq, tp) with its expression


































where ŝij,p is a column vector containing the stacked val-


















0 ), in which k̃ij,p is the estimated value
of kij,p = kij(tp). In (12), the quantities θ̃ij,p, g̃ij,p and
m̃ij,p are given by θ̃ij,p = 2π
∫ tp














0 ), respectively. For arbitrary chosen initial








Fij , and ϑ̃
(0)
Fij , the new estimates








Fij , and ϑ̃
(l+1)
Fij at every
iteration l (l = 0, 1, . . .) are obtained according to the
optimisation problem in (13), as shown at the bottom of the
next page.
In the following, we will provide a detailed step by step
explanation of the proposed estimation method.






Fij , and ϑ̃
(l)
Fij ,
it can be shown that (13) is minimized if x = c̃(l+1)ij satisfies
the following equation
2x3
∥∥∥y(l)ij ∥∥∥22+3 x2 (y(l)ij )T f(l)ij +x









where (·)T represents the transpose operator. In (14), the sym-
bols g(l), f(l)ij , and y
(l)
ij are column vectors containing
the stacked values of the functions (C̃ (l)Fij )


















2) for increasing values of q,
respectively. Since (14) has real-valued coefficients, at least
one of its roots is real. The exact number of real or/and
complex roots of (14) are determined by the sign of the
corresponding discriminant 10, the expression of which is
given in (15), as shown at the bottom of the next page. If
10 < 0 (10 ≥ 0), the cubic equation in (14) has one
real root and two complex conjugate roots (three real roots).
In all cases, the roots xk , k = 1, 2, 3, are expressed as xk =
−(b0+ζ kA0+B0/(ζ kA0))/(3a0), where ζ = 0.5(j
√
3−1) is
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ij ], and A0 = [(C0±√
−2710 a20)/2]













(l)). The new estimate
of the path gain c̃(l+1)ij corresponds to the real-valued root
xk that is a global minimum of the right-hand side of (13).
By inserting the new estimate of c̃(l+1)ij in (13), the optimiza-
tion problem in (13) reduces to the one in (16), as shown at
the bottom of the page.
Step A.2: Then, by deriving the right-hand side of (16)
with respect to the variable C̃Fij , it can be shown that the new
estimate of x = C̃ (l+1)Fij of the overall path gain of the fixed























where j and k(l)ij are column vectors containing the stacked













increasing values of q, respectively. The number of the real
and complex roots of (17) are determined by the sign of its
discriminant11 expressed in (18), as shown at the bottom of
the next page. Regardless of the sign of11, the roots xk , k =
1, 2, 3, of (17) are expressed according to xk = −(b1+ζ kA1+
B1/(ζ kA1))/(3a1), where a1 = 2||j||22, b1 = 3j









T j], and A1 = [(C1±
√
−2711 a21)/2]
















new estimate of the gains C̃ (l+1)Fij is the non-negative
real-valued root xk of (17) that is a global minimum
of the right-hand side of (13). By substituting C̃ (l+1)Fij
in (13), the optimization problem in (13) reduces to the
four-dimensional optimization problem given by (19), as
shown at the bottom of the next page.
Step A.3: The new estimates of the TV Doppler fre-
quencies f (l+1)ij,p , i, j = 1, 2, are obtained by means of
the approximate solution to the instantaneous Doppler shift
B(1)ij,p = B
(1)
ij (tp) in (10) as in (20), as shown at the bottom of
the next page. Substituting the approximate solution of the
TV Doppler frequencies f (l+1)ij,p in (19) yields the simplified
three-dimensional problem given in (21), as shown at the
bottom of the next page.
Step A.4: By utilizing (3), an exact expression for the new
estimate of the initial phase of the channel θ̃ (l+1)0,ij , i, j = 1, 2,
can be obtained as
θ̃
(l+1)


















f̃ (l+1)ij,p dup+2kπ (22)
where the integer k (k ∈ Z) is introduced to ensure that the
optimal solution is within the interval [0, 2π ). Here, the new
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the right-hand side of (21). By inserting (22) in (21),
the optimization problem reduces to the two-dimensional
problem in (23), as shown at the bottom of the next page.
Step A.5: Finally, the new estimates of k̃ (l+1)ij,p and ϑ̃
(l+1)
Fij are
determined numerically by minimizing the right-hand side
of (23).
It should be stressed that the iterative processes described
in Steps A.1−A.5 proceed as long as the relative change




(the absolute value of the
difference of the objective function computed at iteration l+1
with that at l) is greater than a predefined error level ε1. Addi-
tionally, since indoor channels are non-stationary, these iter-
ative approaches must be carried out at each time instant tp.
In the following subsection, wewill estimate the velocity Ev(tp)
of the moving person based on the estimated TV Doppler
frequencies f̃ij,p = f̃ij(tp) (i, j = 1, 2).
B. ESTIMATION OF THE TIME-VARIANT VELOCITY
The main purpose of this section is to estimate the TV veloc-
ity Ev(tp), i.e., TV speed v(tp) and TV AOM αv(tp) of the
person moving in the considered indoor environment. In the
following, the estimated values of vp = v(tp), αv,p = αv(tp),
αTj,p = α
T








Here, the problem is to determine a set of parameters
P2(tp) =
{




in such a way that the esti-
mated Doppler frequencies f̃ij,p are as close as possible to










































where f (a, b, c, d) = −f0 a [cos (b−d)+cos (c−d)] /c0.
With respect to the Euclidean norm described in (24), the opti-
mal values of the set of parameters P2(tp) will be determined
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by fitting the estimated Doppler frequencies f̃ij,p as close as












(0) are chosen arbitrary. Then, the new estimates of the
speed ṽ(l+1)p , AOM α̃
(l+1)
v,p , AOD (α̃Tj,p)
(l+1) (j = 1, 2), and
AOA (α̃Ri,p)





















































By deriving the right-hand side of (25), it can be shown
that (25) is minimized if the new estimate of the speed ṽ(l+1)p
is expressed as (26), as shown at the bottom of the next page.













































































The equation in (28) has three roots x0 and x1,± which are
expressed as
x0 = α̃v+kπ (29)
and


























corresponds to the root that is a global minimum of the






























The equation in (31) has three roots x0 and x2,±, where



























spond to the root that is a global minimum of the right-hand
side of (27). It should be stressed that the integer k in (29),
(30), and (32) is introduced to ensure that the solutions x0,
x1,±, and x2,± are within the interval [0, 2π ).
Step B.3: Finally, replacing the new estimates of the AOAs


























































The iterative procedure described in Steps B.1−B.3, pro-
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the error threshold ε2 and must be performed at each time
instant tp.
IV. NUMERICAL RESULTS AND DISCUSSION
A. NUMERICAL RESULTS
In this section, we present the numerical results for the
validation of the proposed estimation algorithms by com-
paring the exact TV Doppler frequencies and TV velocity
with the corresponding estimated values. This task calls for
prior knowledge of the channel parameters. This information
is not available for RF measurement data. The output of
sensor-based devices cannot be employed to this end. In fact,
although numerous commercial wearable and context-aware
devices are available, they do not reflect the exact values
of the TV velocity. While estimating the TV displacements
and/or TV velocity, such devices introduce their own estima-
tion error. In this case, considering these systems for compari-
sonwould do not allow a correct quantitative evaluation of the
performance of our algorithm. Therefore, we consider in the
following test signals, for which the exact channel parameters
are known and which are generated by computer simulations.
For the analysis of the performance of the estimation
method, we considered three different scenarios, which we
observed over the time interval [0, 5s]. The room is charac-
terized by its length A and width B, which are 14m and 7m,
respectively. The fixed locations of the transmit and receive




1 , and A
R
2 are (−4.9, 1), (−4.9,−1),
(4.5, 2), and (4.5,−2), respectively. The person in the room
stands at the initial position (1, 2), walks then along a linear
trajectory. In Scenario I, the person is moving at a constant
speed v1(t) = 1.1m/s. In Scenario II, themotion of the person
is comprised of three parts. The person starts by walking
with constant speed, decelerates at the time instant t = 2.5s,




1 if 0 ≤ t ≤ 2.5s
−0.25t+1.125 if 2.5 ≤ t ≤ 4.5s
0 if 4.5 ≤ t ≤ 5s.
(34)
Finally, in Scenario III, the speed is modelled using a sinu-
soidal function and is given by v3(t) = 0.3 sin(π t/3+0.5)+
0.35. In all scenarios, the AOM has been set to π/3. The TV
speed values of the different scenarios have been chosen in
accordance with the study reported in [51]. Here, we consider







Also, the carrier frequency f0 has been set to 5.9GHz. The
parameter σ 2w has been chosen to be σ
2
w = 1/(6π ). In the
TABLE 1. Average error of the estimated Doppler frequency εDoppler
in Hz for various values of the SNR η.
TABLE 2. Average error of the estimated speed εSpeed in m/s for various
values of the SNR η.
following, the error threshold levels ε1 and ε2 have been set
to 0.0001.
To ensure realistic applicability, the performance and
robustness of our proposed estimation methods should be
evaluated in the presence of noise. To this end, we denote by
η the average SNR at the receiver side.
The proposed iterative estimation method has been
applied to generate the results depicted in Figs. 4 and 5.
In Figs. 4 (a)−(c), we compare between the exact TVDoppler
frequency f11(t) and the corresponding estimated quantity
which has been obtained by applying Steps (1)−(5) described
by (13)−(23), for Scenarios I−III with different values of
the SNR η. To clarify the figures, the TV Doppler frequen-
cies f12(t), f21(t), and f22(t) have been omitted. However,
it should be stressed that analogous results can be observed
for the TV Doppler frequencies f12(t), f21(t), and f22(t). The
corresponding exact and estimated TV speed v(t) is illus-
trated in Figs. 5 (a), (b), and (c) for Scenarios I, II, and
III, respectively. The good fit between the exact quantities
and their estimates observed in Figs. 4 and. 5 confirms
the validity of the proposed RF-based estimation technique.
Although the accuracy of this estimation method degrades
with decreasing values of the SNR η, it is clear from Figs. 4
and. 5, that it is robust against noise for a single generated
noise sample. To better examine the noise robustness of the
estimation procedure in Section III, we present in Tables 1
and 2 the average Doppler frequency estimation error εDoppler
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FIGURE 4. Time-variant Doppler frequencies f11(t) for (a) Scenario I
(constant speed model), (b) Scenario II (linear speed model), and
(c) Scenario III (sinusoidal speed model) with the corresponding
estimated values for different values of the SNR η.
Tables 1 and 2 show that the estimation method allows
an accurate estimation of the TV Doppler frequencies fij(t)
(i, j = 1, 2) and TV speed v(t) with an estimation error
of approximately 3% or less, for high values of the SNR,
FIGURE 5. Time-variant speed v (t) of the moving scatterer SM for
Scenario I (constant speed model), (b) Scenario II (linear speed model),
and (c) Scenario III (sinusoidal speed model) with the corresponding
estimated values for different values of the SNR η.
i.e., η ≥ 20 dB for the different scenarios. Furthermore,
for η = 15 dB, the estimation occurs with an accuracy of
approximately 97%. The robustness becomes more evident
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for smaller SNR values. In fact, for η = 0 and assuming an
average walking speed of 1 m/s, the speed estimation error is
around 30%.
The robustness of the proposed method against noise can
be explained by two factors. First, in this method, the esti-
mates of the instantaneous Doppler frequencies fij(t) are
obtained by means of the TV mean Doppler shift which is
determined at each time instant tp by averaging the spec-
trogram Sij(fq, tp) over the frequencies fq, thereby reducing
the effect of noise. The second factor is that the spectrogram
Sij(fq, tp) itself is not very sensitive to noise. In fact, as is
detailed in [48, Section IV], the spectrogram Sij(fq, tp) is
obtained by deriving the short-time Fourier transform by
integrating the short-time complex channel gain with respect
to the running time t ′ which reduces the effect of noise.
B. COMPARISON WITH EXISTING WORKS
In this section, we will discuss existing works and give
reasons why these methods cannot be considered for
fair comparison purposes. As it has been mentioned in
Section I.A, existing estimation techniques can be divided
into two groups: methods developed in the context of mobile
radio communications and approaches reported for ADL
monitoring.
The estimation techniques proposed in the context of WSS
mobile radio channels utilize the statistical properties (e.g.,
LCR, the covariance, . . . ) of the fading channel to extract the
MSs’ speed, which is assumed to be constant during the total
observation time. A review of [4] and [18] shows that these
methods require priori knowledge of analytical solutions to
the higher-order statistics of the underlying multipath fading
channel. To the best of the authors’ knowledge, the theoretical
analysis available in the literature is limited to WSS channels
(constant speed), and there exist, to date, no results regard-
ing the statistical characteristics of channels which exhibit a
non-stationary behavior.
One method which was developed in the context of
velocity-based ADLs monitoring and can be examined for
comparison purposes is that described in [29]. However,
the details of the employed algorithm are not available and
similar results cannot be reproduced.
Other interesting methods can be found in [37]–[40] and
are based on wll-known speed estimation procedures devel-
oped for WSS channels, such as [39] and IndoTrack [40].
Although of interest, these techniques can only be applied
during sub-time intervals where the person is assumed not to
move (stationary scenarios, i.e., the channel is assumed to be
WSS and the speed is constant). Then, what is computed is
the average speed and not the TV speed. Also, they estimate
the TV Doppler frequencies and TV delays independently
without conforming to the fundamental relationship between
them [52] and taking it into account.
Therefore, no comparison results with other mobile radio
speed-based algorithms can be presented. The good agree-
ment between the exact and estimated channel parame-
ters (TV speed and TV Doppler frequencies) observed
in Figs. 4 and 5 for various speed profiles confirms the valid-
ity and robustness of the proposed estimation procedures.
V. CONCLUSION
In the context of velocity-based indoor ADLs monitoring,
we introduce in this article a new iterative method to accu-
rately estimate the instantaneous velocity (TV speed and
TV AOM) of a single moving person. This person is mod-
elled by a single point moving scatterer and is moving in
an indoor area which is equipped with a distributed 2×2
MIMO communication system. The estimation algorithm is
comprised of two major parts. In the first part, the estimates
of the TV Doppler frequencies are numerically computed by
fitting the exact spectrograms of the complex channel gains
to those of received radio signals. Subsequently, the desired
TV velocity is obtained by exploiting the estimated values of
the instantaneous Doppler frequencies. Together with the TV
velocity, the proposed method computes all channel param-
eters, which allows for a better emulation of non-stationary
indoor channels. Closed-form solutions have been derived for
the path gains and the TV Doppler frequencies as well as the
TV speed, and the TV angles, which in turn, greatly simplifies
the underlying optimization problems. Numerical results are
presented which illustrate the good agreement between the
exact TV speed and the resulting TV Doppler frequencies of
the moving person and the corresponding estimated quanti-
ties. This confirms the validity and accuracy of the proposed
estimation procedures for several speed profiles. In addition,
the effects of noise have also been studied in detail and it
has been shown that these methods are robust against noise.
It has been shown that the proposed algorithm estimates the
parameters of interest with an accuracy varying from 70% to
97% for SNR values between 0 dB and 20 dB.
APPENDIX
In this appendix, we present the mathematical details
leading to the expression of the cross-term S(c)ij (f , t) as
described in (6). To do so, we start by showing that
the product of the Gaussian functions G(f , fij(t), σ 22,ij) and
G∗(f , 0, σ 20 ) is a weighted Gaussian function, the param-
eters of which will also be determined. Let us denote by
Pg(f , t) the product of G(f , fij(t), σ 22,ij) and G
∗(f , 0, σ 20 ),
i.e., Pg(f , t) = G(f , fij(t), σ 22,ij)G
∗(f , 0, σ 20 ). The product
Pg(f , t) is expressed as

















By introducing z = (((f−fij(t))2/σ 22,ij)+(f
2/σ 20 ))/2, and per-
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0 ). Then, by inserting (36) in (35), we have
that the product Pg(f , t) is a scaled Gaussian PDF expressed
as














where the scaling factor gij(t) is itself a Gaussian PDF on fij(t)



















Moreover, by substituting σ 22,ij = σ
2
0−jkij/(2π ) and σ
2
0 =
1/(2πσw)2 in (38), and profiting from the facts that σw  1
and σw is inversely proportional to kij, it can easily be shown
that both the real and imaginary parts of the expression within
the exponential function tend to 0. This result leads to the
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